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Rapid increases in productivity are often realized in organizations as they gain experience in production. Such "learning" is often depicted in the form of an inverse relationship between cost per unit produced and cumulative production (see Figure 1) or as an inverse relationship between the logarithms of these variables (see Figure 2 ). These "learning curves" have been found in many organizations (Yelle 1979) . Organizations vary considerably in the rates at which they learn: Some organizations show remarkable productivity growth, whereas others evidence little or no learning (Dutton and Thomas
1984, Argote and Epple 1990).
Although there is little empirical evidence about factors that explain the variation in productivity growth across organizations, there has been much speculation about what these factors might be. Improvements in technology feature prominently in most discussions of factors that explain learning curves (e.g., see Yelle 
1979, Hayes and Wheelright 1984, Argote 1993). In a related vein, discussions of "organizational memory" or "retention facilities" for organizational knowledge typically include technology as an important repository of organizational knowledge (Levitt and March 1988, Walsh and Ungson 1991).
A naturally-occurring experiment at a truck plant enabled us to test the extent to which knowledge is embedded in an organization's technology. The plant began production with one shift and added a second shift almost two years later. If knowledge is embedded completely in an organization's technology (tooling, programming, assembly line layout and balancing, and so on), then transfer of knowledge across shifts should be complete since both shifts at the plant use the same technology.
Analyzing intershift transfer also has the potential to advance managerial practice. Corporate-level managers from the organization we studied have indicated that identifying the optimal time to make the transition from one to two shifts is an important issue that needs to be resolved. Other managers have expressed interest in better understanding the tradeoff between the number of plants to operate and the number of shifts per plant.
In the sections that follow, we review empirical evidence on whether knowledge transfers across organizations and on whether knowledge depreciates. We show how the conventional learning curve model can be generalized to investigate transfer across shifts in a production facility and to accommodate depreciation.
Knowledge Acquisition and Transfer
In the conventional learning curve model, labor hours per unit is assumed to be an inverse power function of the cumulative number of units produced. The logarithm of labor hours per unit thus bears an inverse linear relationship to the logarithm of the cumulative number of units produced. In this formulation, an organization's cumulative past production is a proxy for the knowledge that it has acquired. Levitt and March argued that not only do organizations learn from their own direct experience, they also learn from other's experience. Huber (1991) makes a similar point. To the extent that an organization benefits from knowledge acquired at other organizations or in other parts of the same organization, transfer of knowledge occurs.
Knowledge transferred from other organizations is challenging to measure. One approach to measuring this knowledge, based on the learning-curve framework, involves aggregating cumulative output across all relevant organizations or organizational units. Just as cumulative output serves as a proxy variable for knowledge acquired by a particular organization through experience, cumulative output aggregated across relevant organizational units serves as a proxy variable for the transfer of knowledge.
Using this approach, Zimmerman (1982) found that organizational experience was a more important predictor of the unit cost of nuclear reactor construction than industry experience, but aggregate industry experience accounted for a significant portion of the variance in unit cost. Joskow and Rose (1985) found that firm-specific and architect-engineer experience contributed significantly to reductions in the unit cost of construction of coal-burning, steam-electric generating plants but that industry experience did not. Thus, transfer occurred within firms and across firms built by the same architectengineer team but not across other firms in the industry. Darr, Argote and Epple (in press) found evidence of transfer in the production of fast food franchises. Store experience and franchise experience were significant predictors of the unit cost of production, but the experience of stores in other franchises was not significant. Thus, transfer occurred across stores that were part of the same franchise but not across stores owned by different franchises. Argote, Beckman and found that shipyards that began production later were more productive than those with early start dates. Once shipyards began production, however, they did not appear to benefit further from production experience at other shipyards.
The current study analyzes transfer within a production facility. We obtained shift-level data from a manufacturing plant that began operation with one shift and added a second shift after about two years. These data enable us to estimate empirically the amount of transfer across shifts in a production environment using an extension of the model developed in Epple, Argote and Devadas (1991) .
Depreciation of Knowledge
The classic learning curve model assumes that knowledge acquired through learning by doing is cumulative and persists through time. Recent empirical evidence suggests, however, that knowledge acquired through learning by doing may not persist indefinitely but instead may depreciate. In their study of shipyards, Argote, Beckman and Epple found that recent output was a more important predictor of current production than cumulative output. Thus, knowledge seemed to depreciate because output from the distant past did not receive as much weight as recent output in predicting current production. Similarly, Darr, Argote and Epple found that knowledge depreciated very rapidly in pizza production. Theoretical research and simulation results have demonstrated that "forgetting" or depreciation has important implications for planning and scheduling (Sule 1983 , Smunt and Morton 1985 , Smunt 1987 ).
MODEL AND DATA

The Model
Let qit denote the number of vehicles produced during shift i at date t. Let subscript i = 0 denote single-shift operation, and let i = 1 and i = 2 denote the first and second shifts, respectively, during the period of two-shift operation. Let S be the last date of operation with one shift and T be the last date for which data are available. Denote total direct labor hours on shift i at date t by Hit, line hours of operation by Li,, and the stock of knowledge by Kit. Using these variables, we estimate the following production function: given stock of knowledge, the conventional model implies that production is proportional to direct labor hours. By contrast, the production function in (1) states that output at a given state of knowledge depends on total labor hours, the number of hours of line operation, and calendar time. Intuitively, one would expect that increasing labor hours without increasing line hours would result in a less than proportionate increase in output, i.e., PH < 1. Similarly, one would expect that an increase in line hours without increasing total labor hours would also result in a less than proportionate increase in output because this could be accomplished only by reducing labor hours per hour of line operation, i.e., PL < 1. However, we would expect that an equal percentage increase in both line hours and labor hours would lead to an approximately equal percentage increase in output,
Calendar time is often introduced into production functions as a proxy to measure productivity growth. Such productivity growth might result, for example, from a general increase in knowhow in the larger economy. In addition, some types of learning may depend more closely on the amount of time the plant has been in operation than on the history of output produced. Our data set is particularly well suited to distinguish between effects associated with the passage of time, as contrasted with effects associated with learning by doing. When the second shift was added, output per unit of calendar time approximately doubled relative to the period of one-shift operation. Thus, the high correlation between cumulative output and calendar time often encountered in manufacturing environments is much less pronounced in our data set. This offers the opportunity to obtain a more precise differentiation than is usually possible between learning associated with the passage of time and learning associated with production experience.
Before proceeding, we briefly summarize the interpretation of each parameter and our expectation about the magnitude of each parameter. Assembly plants such as the one we are studying typically operate with a fixed line speed for an extended period of time-several months or longer. Line speed determines the maximum number of vehicles that can be produced per hour. One way in which learning by doing is manifest in our data is through increased intensity of use of the line (an increasing proportion of line positions are actually occupied by vehicles) and an associated increase in the frequency of a binding line-speed constraint. In data aggregated to weekly, monthly, or longer time intervals, it is typically difficult to tell whether the line-speed constraint was ever binding during a given period unless the line-speed constraint was binding continuously for the entire period. By contrast, an advantage of using daily data is that output on each shift can be compared to line speed to determine whether production was equal to the line-speed limit. For many observations in our sample, this was in fact the case. Such truncation of the dependent variable may bias coefficient estimates. Therefore, we used the Tobit estimation procedure to account for truncation of our dependent variable.
The Tobit procedure in the context of our model differentiates between potential production and actual production. If observed production is less than the maximum permitted by the line-speed constraint, then potential and actual production are the same. If observed production is equal to the maximum permitted by the line-speed constraint, then potential production is unobserved. The probability that potential production will exceed the linespeed constraint can be written as a function of the underlying parameters of the model. This probability function coupled with the probability density function for observations with potential production equal to actual production can then be used to form the likelihood function for the Tobit model, and the parameters of interest can be estimated by maximizing this likelihood function.
RESULTS
Results for the General Model
The specification presented in (1)- (4) 
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We began with a model in which knowledge was carried forward to two-shift from one-shift operation only at the date of transition (i.e., pi = Oi), and during two-shift operation each shift gained one unit of knowledge from each unit of its own production (i.e., /xi = 1). We also did not include calendar time in this initial specification. The results of estimating this model are presented in column 1 of Table I. The intercept in the production function is not of particular interest and is not shown to protect the confidentiality of our data. The model fits the data quite well. While the Tobit model does not produce an R statistic, the corresponding model estimated without controlling for the line-speed constraint has an R2 of 0.87. In addition, all of the coefficients in column 1 conform to our a priori expectations about algebraic signs and magnitudes and all are highly significant.
However, two features of the results in column 1 led us to consider extending the model. First, the estimates of 01 and 02 imply that only 17% of knowledge acquired on one shift is transferred to the other. This is somewhat surprising in light of the virtually complete carry forward of knowledge from the period of one-shift to the period of two-shift operation. Second, inspection of the residuals from the model revealed that there were several large negative residuals during the initial days of two-shift operation, and these were especially pronounced for the second shift. We addressed each of these issues in turn beginning with the latter.
The pattern observed in the residuals led us to conjecture that the carry forward of knowledge from the period of one-shift operation to the period of two-shift operation might not be instantaneous. Therefore, we generalized the model by introducing parameters pi which allow for possible carry forward after the date of transition to twoshift operation. This occurs if pi > Xi.
Results from estimating this extension of the model are given in column 2 of Table I 
/ EPPLE, ARGOTE AND MURPHY
suggest that a small fraction of knowledge acquired on one shift is transferred to the other. As we noted earlier, this is somewhat surprising in light of the finding that virtually all knowledge is carried forward from the period of one-shift operation to the period of two-shift operation. An alternative explanation for the findings regarding cross-shift transfer is that less is being learned per unit of output during the two-shift regime than during the oneshift regime. Indirect labor hours per day during the period of two-shift operation did not increase markedly from their levels during the period of one-shift operation. If a substantial amount of learning occurs as a result of managerial and engineering effort, then the reduced level of indirect hours per shift may reduce the rate of learning. Moreover, industrial engineering activities are confined almost exclusively to the day shift during the period of two-shift operation. Thus, the knowledge acquisition rate might be higher on the first than on the second shift. The coefficients on labor hours, PH, and line hours, 13L, are each less than one, as anticipated, and their sum is not significantly different from one. Thus, increasing either alone results in a less than proportionate increase in units produced, but increasing both by the same proportion increases output by approximately that proportion. The coefficient on the knowledge variable is highly significant, which is consistent with the expectation that past production experience plays a significant role in enhancing productivity. The depreciation parameter, A, is significantly less than one, indicating that depreciation occurs.5 Time has a coefficient of 0.00015. Since the unit of time is a working day, this rate compounded to an annual basis corresponds to a productivity growth rate of 5.6% per year.
The evidence is consistent with our conjectures regarding relative amounts learned per unit of output on the two shifts. Recall that during the period of one-shift operation, one unit of knowledge is acquired per unit of output. During the period of two-shift operation, knowledge acquired per unit of output on the day shift is estimated to be almost as high (jt1 = 0.88) as during the period of one-shift operation. By contrast, the estimates indicate a small rate of knowledge acquisition per unit of output on the night shift (i2 = 0.09). These results suggest that, during the period of two-shift operation, learning occurs on the day shift at roughly the same rate as during the period of one-shift operation, and almost no learning occurs on the night shift.
The estimates of transfer across shifts reinforce these results. The estimates indicate that roughly one unit of knowledge is transferred to the night shift per unit of production on the day shift (02 = 0.98). By contrast, the estimated transfer from the night to the day shift per unit of output is small (01 = 0.20).6
While the point estimates in column 4 are plausible and intuitively appealing, it is important to note that the precision of the pti and Oi coefficients is relatively low. This is not surprising given the number of parameters that appear in the knowledge acquisition model. The null hypothesis that the knowledge acquisition rates in column 4 are the same (t,1 = ,2) can be rejected at approximately the 15% level. It is gratifying that the significance levels of all the parameters other than the Ai and Oi remain very high despite the relative complexity of the knowledge acquisition model, and the magnitude of these other parameters has not been significantly affected by the introduction of the Ai parameters. When contrasted with column 2, the results in columns 3 and 4 offer a nonnegligible improvement in fit to the data and an intuitively pleasing consistency between the carry forward and cross-shift transfer results. We also estimated all of the models in Table I without controlling for the line-speed constraint. While the results were quite similar in almost all respects, an interesting difference emerged for all variants of the model between estimates that control for the line-speed constraint (Tobit estimates) and those that do not. In every case, the coefficient of labor hours is higher and the coefficient of line speed is lower when the line-speed constraint is taken into account than when it is not. This is intuitively appealing. Suppose that increasing labor hours increases potential output, but that potential increase often cannot be realized because the line is being utilized at its maximum rate. If this possibility is ignored in estimation, then the effect on potential production of increasing labor hours will tend to be underestimated, and the effect of increasing line hours will tend to be overstated. This appears to be precisely what happens, and this in turn points to the importance of controlling for the line-speed constraint in estimation.
The remaining steps in our analysis involved investigating other factors to determine whether our model provides an adequate characterization of the production and learning process. We introduced the square of the log of knowledge into the production function. This specification allows for the possibility that the depreciation reflected in our estimate of parameter A may in fact be an artifact of a diminution in the incremental benefits of a growing stock of knowledge. The coefficient of the squared knowledge variable was negligible in magnitude and statistically insignificant, and the estimate of A was unaffected by the introduction of this variable. In Figure  2 , several observations appear to be outliers. While we have verified that these are not coding errors in our transcription of the data from records provided by the plant, it is possible that there were errors in the original recording of data at the plant. We re-estimated the model in column 4 without the eight largest outliers in Figure 2 and found negligible impact on the estimated coefficients. Thus, even if there were recording errors in some of these observations, our results are not affected by them.
Discussion
Our results indicate that virtually all of the knowledge acquired during the period of one-shift operation was carried forward to the period of two-shift operation. Carry forward to the day shift appears to have been instantaneous. Carry forward to the night shift was somewhat slower, but still quite rapid and virtually complete after two weeks of two-shift operation.
Our results also indicate that knowledge depreciates. In column 4, A is estimated to be 0.98. This rate of depreciation over a period of one-month implies a monthly depreciation rate of approximately 67% (i.e., in 20 working days, 0.9820 z 0.67). This relatively rapid rate of depreciation is comparable to that found in an analysis of depreciation in shipyards (Argote, Beckman and Epple). While this rate of depreciation is relatively high, one should keep in mind that there is also a substantial component of productivity growth associated with the time variable, and this component does not depreciate.
Our results for all specifications of our model indicate that the rate of acquisition of knowledge per unit of production after the second shift was introduced was roughly half as large as the rate during the period of one-shift operation. This is a robust and important finding, and we developed alternative specifications to explore why this occurred. We conjecture that this diminished rate of learning is due to the fact that indirect labor hours devoted to managerial, industrial engineering, and related activities did not increase substantially when the second shift was added. These results are generally consistent with those of Mishina (1992) , who suggests that the productivity gains that occurred in the B-17 production program had more to do with changes in the production system than with learning by doing of direct production workers. If this conjecture is correct, the result has potentially important managerial implications. It suggests that there is a relationship between the rate of learning and investment in activities that improve the production process. We cannot know whether a greater increase in indirect labor hours when the second shift was introduced would have preserved the rate of learning experienced during the first shift, but our results suggest that this is the case.
We believe that naturally occurring experiments offer valuable opportunities to gain a deeper understanding of the learning process. Exploiting these opportunities necessitates arranging to have plants retain more finegrained data than is required for the conventional learning curve model. Estimation is also more challenging and requires writing a program tailored to the data, but computations are readily done on desk-top computers. It is our expectation that research on the microstructure of learning will be an increasingly valuable tool for opening the black box of learning.
Our results suggest alternative possible strategies for management. Units produced early are relatively costly because little learning has occurred. Experiencing such 84 / EPPLE, ARGOTE AND MURPHY high-cost operation on two shifts if there is little incremental learning on the second shift is less attractive than working down the learning curve with one shift and then carrying the benefits forward to the second shift. Hence, one strategy is to delay introduction of the second shift until the plant is well down the learning curve with single-shift operation. Our results indicate that the knowledge so acquired can then be carried forward fully and rapidly to the second shift. Other issues bear on the timing of the introduction of the second shift, such as growth of demand for the product. The rate of productivity improvement in production, however, is an important component of the overall decision about timing the introduction of additional shifts.
An alternative strategy is to foster greater learning under multiple-shift operation. Firms often adopt multishift operations to use costly manufacturing facilities more effectively. From a corporate perspective, an obvious first step suggested by our analysis is to ask whether plants routinely experience a reduction in the rate of learning when a second or third shift is added. This can be done by least squares estimation of plant-level production functions for periods before and after a shift is added. If the answer is yes, the next task is to explore ways to prevent this reduction from occurring. Our analysis suggests that failure to devote managerial and engineering attention to the new shift may be responsible for a reduced rate of learning. If this is correct, a cost-benefit analysis is needed to determine whether the cost savings from retaining a higher rate of learning is large enough to justify the added expenditure on managerial and engineering staff. Experimenting with increased managerial and engineering attention to second-and third-shift operations may prove quite valuable for corporations, such as those in the automotive industry, that have a large number of plants that can benefit from strategies to enhance learning.
In previous research (Epple, Argote and Devadas), estimation of a restricted version of the model in (1)-(4) was illustrated using weekly plant-level data.7 Since data disaggregated by shift were not available, strong symmetry assumptions were imposed on the model. In particular, the parameters characterizing carry forward and cross-shift transfer were assumed to be the same for both shifts. In addition, output, labor inputs, and random shocks to the production process were assumed to be the same for each of the two shifts.
The primary difference in results between the current paper and the previous paper is the higher degree of carry forward found in the current paper. The data used in the current paper are from a different assembly plant than was used in the earlier paper. While both plants produce the same vehicle, they use somewhat different technologies. In addition, the plant studied in the previous paper made the transition to two-shift operation much earlier than that studied in the current paper. These differences may account for the differences in amount of knowledge carried forward. In the previous paper, weekly data were used while daily data are used in the current paper. This difference in frequency of observation coupled with strong symmetry assumptions used in the Epple, Argote and Devadas paper may also be responsible for the difference in results. Because of the strong symmetry assumptions in the previous paper, the researchers emphasized that the results in their paper were illustrative of the approach.
CONCLUSIONS
We believe that analyzing naturally-occurring experiments such as the one studied here is a particularly promising strategy for getting inside the "black box" of organizational learning. Using data for a single plant avoids the many difficulties of controlling for potential differences in product, technology, and labor force characteristics that arise in cross-plant comparisons. Studying production using output and input variables measured at frequent time intervals is a complementary strategy for increasing understanding of the learning process. Analyses of data aggregated to monthly or annual intervals can provide valuable insights about learning, but observations at such coarse intervals can also "average out" underlying variations that may fruitfully be used to gain greater understanding of the learning process. Indeed, as we show in this paper, even data aggregated to the daily level can mask interesting aspects of the production and learning process.
The model of knowledge acquisition, retention, carry forward, and transfer that we present is relatively complex. Nonetheless, we demonstrate that it is feasible to estimate the model. The logic underlying development of the model leads to predictions about the algebraic signs of all coefficients and about the bounds in which all coefficients, except the intercept, should fall. Every coefficient estimate is of the predicted sign and falls within the predicted bounds. Moreover, the results present an intuitively plausible and appealing picture of the learning process.
The results concerning the rapid and almost complete carry forward of knowledge from the first shift to the second when it was introduced provide insights into where knowledge was embedded in the organization. The technology and structure were constant on both shifts while the workers on the second shift were predominantly new employees. The second shift's very rapid achievement of a level of productivity that it had taken the first shift many months to achieve suggests that knowledge acquired during the period of one-shift operation was embedded in the organization's structure or technology since the second shift used the same technology and had the same structure as the first.
The results also point to a potentially important missed opportunity. The rate of knowledge acquisition per unit of output within the plant after introduction of the second shift was roughly half that prior to the introduction of the second shift. The reduced managerial and industrial engineering attention on the second shift suggest why the reduced rate of learning per unit of output occurred.
As we have indicated, the results also provide valuable information for making the decision about whether a second shift should be added and about the timing of such an undertaking. In addition, the model we have proposed can be valuable in assessing labor requirements and forecasting future production.
In summary, the results suggest that knowledge acquired during the period of one-shift operation carried forward to both shifts of the two-shift regime. The rate of carry forward was somewhat slower to the second than to the first shift, but quite rapid in both cases. The rate of learning per unit of output during the two-shift regime was roughly half that during the one-shift regime. The results suggest that, during the two-shift regime, most learning occurred on the first shift, and most knowledge acquired on the day shift was transferred to the second shift. NOTES 1. The twelve-month period prior to the transition to two-shift operation provides an ample baseline for analyzing the acquisition and transfer of knowledge during and after the transition to two-shift operation. Use of a longer baseline sample would necessitate introducing additional terms to capture nonlinearities in the learning curve during the very early phase of plant startup. This adds complexity without illuminating the intraplant transfer issues that are the focus of this paper. 2. Units are suppressed on the axes to protect the confidentiality of our data. 3. Of each unit of knowledge available at date S, the proportion carried forward to shift i within m periods after the beginning of two-shift operation as a proportion of the amount ultimately carried forward is 1 -(0j/pj)m. Two weeks of operation correspond to 10 working days. With m = 10 and the estimates in column 2 of Table I , 1 -(0.60/0.986)10 > 0.99. In this calculation, we do not include the effect of depreciation, A, because depreciation occurs whether the knowledge is carried forward or not. The conclusion that virtually all knowledge is-rapidly carried forward is not sensitive to the treatment of A, however. 4. Our results are obtained under the assumption that the error terms in the production function are uncorrelated across observations. It is extremely difficult to estimate the Tobit model allowing for serial correlation. However, we estimated the analog of the model in column 3 allowing for serial correlation without controlling for the line-speed constraint. We found the autocorrelation coefficient to be very small (0.007) and not at all significant. This provides evidence that the assumption of uncorrelated errors is appropriate for these data. 5. When A = 1, our model is nonstationary. Methods for analyzing nonstationary linear time series models have been developed, but comparable methods for nonstationary nonlinear models remain to be developed. We report results from conventional methods for estimation and hypothesis tests while recognizing that the formal statistical foundation remains to be developed for nonlinear nonstationary models, as ours is when A = 1.
6. Our measure of output of a shift is the number of vehicles completed on the shift. As a referee noted, the preferred measure is the work completed on a shift. The number of vehicles completed is an imperfect measure of this. A given vehicle may take more than one shift to complete, and hence, a completed vehicle may have contributions from both shifts. We believe that, on average, the shift on which a vehicle is completed performs a disproportionate share of the work on the vehicle. Nonetheless, it is possible that a partial contribution by one shift to a vehicle completed on another may affect the estimates of transfer of knowledge across shifts. 7. The restrictions were Pi = i = 1 and Ai = 1 for i = 1, 2.
